This paper investigates effects of social network structure on diffusion and adoption of agricultural technologies, using household-level panel data from Ethiopia. We contribute to the literature by focusing on the role of external ties and clustered personal networks. Another contribution is to correct for possible biases due to endogeneity of social networks, utilizing a social experiment in which we donate mobile phones to randomly selected households. Our findings suggest that the effect of social networks varies depending on the structure of networks and characteristics of technologies. Knowing a simple technology is mostly determined by whether farmers know any agricultural extension agent, implying the importance of external ties with agricultural researchers. However, knowing a more complicated technology is not promoted by knowing an extension agent, but by knowing a trustworthy agent and by clustered networks in which most friends of a household are friends of each other. This finding suggests that knowing and understanding more complicated technologies require flows of the same information from multiple sources.
Introduction
Technological progress is the ultimate source of long-term economic growth (Romer, 1990) , and the differences in technology levels among countries account for most of the differences in income per capita (Caselli, 2005) . In the case of less developed countries (LDCs) where agriculture is the dominant sector, productivity growth in agriculture through adoption of new technologies should play a major role in income growth.
One principal determinant of the adoption of agricultural technologies in LDCs found in existing studies in development economics is social learning from neighbors (Foster and Rosenzweig, 2010) . Foster and Rosenzweig (1995) investigate the adoption of high-yielding varieties (HYVs) in India and find a positive effect of neighbors' experience, as measured by the average of their cumulative number of parcels using HYVs, on HYV cultivation. They conclude that this is evidence of learning from neighbors. Conley and Udry (2010) employ a more direct measure of knowledge flows from others.
By asking farmers whether they have gone to each of seven randomly chosen farmers in the same village for advice about farming, Conley and Udry (2010) can identify information links between farmers and find evidence of social learning through information links: when neighbors improve the yield by adjusting the level of their fertilizer use, farmers exchanging information with the successful neighbors tend to imitate the adjustment.
However, social learning is not always observed in existing studies. For example, Munshi (2004) uses a method similar to Foster and Rosenzweig (1995) and finds evidence of social learning in adoption of HYVs of wheat in India but not in the case of rice. Duflo et al. (2004) find that friends and neighbors of farmers who are randomly chosen and provided information on chemical fertilizer did not use more chemical fertilizer than friends and neighbors of control farmers with no access to the information. In addition, Bandiera and Rasul (2006) find that the extent of social networks measured by the number of adopters among relatives and friends has a positive effect on sunflower production in Mozambique when the number of adopters is small, but the effect is negative when there are already many adopters.
Besides economists, natural scientists and sociologists are also interested in social networks, and many have examined the structure of networks and its effect on diffusion. Notably, Watts and Strogatz (1998) find that in "small-world" networks, which are characterized by a presence of densely interconnected neighboring nodes with a small number of ties spanning across these clusters, diffusion, e.g., spread of infectious diseases, is faster than otherwise, since most nodes in small-world networks are connected to each other by only few steps. A related argument is given by Burt (1992) , who emphasizes that external ties or "bridging ties" which bridge otherwise separate networks promote information flows and thus innovation.
However, Centola (2010) claims that this is not the case for adoption of human behaviors, using a social experiment in which he creates an online health forum. He finds that "clustered" networks, in which friends of a person are mostly friends with each other, that is, which embody redundant ties, are more helpful in the adoption of people's health behaviors than small-world networks. Centola argues that this is because behavioral adoption is different from spread of diseases and requires reinforcement from multiple sources.
Another related issue discussed in the network literature is the strength of ties. Strong ties, for example, ties between people who often meet each other, or ties with mutual trust, might promote more information and knowledge flows than weak ties. However, Granovetter (1973) finds that when people search for a job, they rely more on weak ties than on strong ties, where strength of ties is measured by frequency of meetings. This is possibly because weak ties are more likely to be bridging ties and thus to be more useful in access to diverse sources of information. On the other hand, strong ties and bridging ties may not be substitutes but can be complements to each other. Indeed, Tiwana (2008) and Rost (2011) find that the coexistence of strong ties and bridging ties contribute to innovation.
Thus, the mixed results in development economics on whether social learning and social networks affect adoption of new agricultural technologies may come from variations in the effect across network characteristics. Following this line of the literature, this paper investigates how different types of network affect diffusion and adoption of agricultural technologies, using household-level panel data from rural Ethiopia. We contribute to the literature in the following aspects.
First, we distinguish between knowing and using technologies, i.e., diffusion and adoption of knowledge. By so doing, we can examine which stages of the adoption process are affected by social networks. For example, Centola (2010) argues reinforcement from multiple sources is necessary for adoption of behaviors, suggesting that social networks matter to the last stage of adoption, but not to the stage of knowing. Rogers (1995) also claims that for awareness of knowledge, mass media and official sources are more important but for changing of behavior (i.e., adoption) ties to peers matter relatively more.
Second, we examine how the structure of social networks affect diffusion and adoption, focusing on the role of clustered networks. An index of the size of the personal network of each household is defined as the number of names the household knows among randomly selected 14 names. In addition, an index of the level of clustering of the personal network of each household is defined as the number of pairs of the household's acquaintances who know each other among randomly selected 14 pairs of its acquaintances. Given the two indices of social network structure, we test whether the size and the degree of clustering of personal networks affect diffusion and adoption of knowledge. Although Centola (2010) has found a positive effect of clustering on adoption of health behaviors in an online forum, results from offline networks are still absent.
Third, we investigate the effect of external ties. In our case where farmers rarely have ties with people outside their village, the most important external tie is the one with agricultural extension agents who promote new agricultural technologies developed by researchers for the region.
Fourth, whether the strength of ties influences the effect of networks is tested. The strength of ties is measured by the frequency of meetings and by the presence of trust. Effects of different strength of ties have not been fully examined in the literature on agricultural knowledge diffusion in LDCs mentioned above.
Finally and importantly, we correct for possible biases due to endogeneity of social networks, utilizing a social experiment in which we donate mobile phones to randomly selected households.
Since the use of mobile phones generated exogenous changes in social networks in the survey area, whether or not the household received a mobile phone in the experiment can be used as an instrument for the social network variables.
Our findings emphasize that the effect of social networks varies depending on their structure and characteristics of technologies. Knowing how to implement a simple technique examined in this study, row planting, is mostly determined by whether farmers have any external tie with an agricultural extension agent in the same village. Social networks with relatives or friends do not promote diffusion of row planting, regardless of their structure. In addition, the strength of the external tie with extension agents does not influence diffusion of row planting. These findings suggest that diffusion of simple technologies is promoted by external ties, just like spread of infectious diseases (Watts and Strogatz, 1998 ).
However, knowing how to implement a more complicated technology, compost, is not promoted by simply knowing an extension agent, but by knowing a trustworthy agent. In other words, strong ties are necessary for diffusion of more complicated technologies. In addition, farmers are more likely to know how to implement compost, when their personal network is clustered, i.e., when their friends know each other. The positive effect of network clustering is consistent with the result of Centola (2010), but one notable difference between our results and Centola's is that we find reinforcement from multiple sources is necessary at the stage of knowing, rather than adopting. The similarity and difference highlight that in the case of adoption of agricultural knowledge in less developed countries, realizing and understanding more complicated technologies require flows of the same information from multiple sources. Another important finding is that while social networks are important determinants of knowing how to implement technologies, networks do not influence adoption of technologies conditional on knowing the technologies.
The rest of the paper is organized as follows. Section 2 provides an overview of agriculture in Ethiopia and the six agricultural technologies examined in this study. Section 3 describes the data. Section 4 explains empirical methodologies and results. Section 5 concludes.
Agriculture in Ethiopia

Systems of innovation and extensions of agricultural technologies in Ethiopia
The largest agricultural research institution in Ethiopia is the Ethiopian Institute of Agricultural Research (EIAR), which is under the Ministry of Agriculture and Rural Development of the Ethiopian government. EIAR has divisions, or research centers, in many districts, each of which has huge experimental plots and engages in the development of agricultural technologies and technologies suitable to the local area and the whole country. Researchers in the research centers are often highly educated: most of them hold a bachelor's degree in agriculture or related fields; some hold a master's degree or even a Ph.D. The area examined in this study also has a research center, Kulumsa Research Center, located 1-2 hours by car from the households surveyed.
New technologies and techniques developed in the research centers are disseminated to farmers through the following two channels. First, the research centers directly teach new technologies and techniques to a limited number of pilot farmers in fields outside of their experimental plots. Second, the research centers teach new technologies to agricultural extension agents, called "development agents," and the extension agents teach them to farmers at extension centers located in rural villages.
Each village (kebele, in the local language) has three extension agents, and thus there are about 50,000 agents in Ethiopia, forming a widespread extension system. Most extension agents are agricultural specialists, completing three-year technical vocational education in agriculture. As extension agents live locally and visit farmers regularly in addition to providing formal training to farmers in extension centers, dissemination through extension agents may be a major channel of diffusion of new agricultural technologies in Ethiopia.
Technologies examined
In this study, we focus on two particular agricultural technologies/techniques. The first one is compost, or organic material such as animal dung and crop residue that has been fermented and decomposed as a fertilizer and soil amendment. The use of farmyard compost is part of organic farming that refers to a type of agriculture that promotes the use of renewable resources and management of biological cycles to enhance biological diversity (Eicher, 2003) . Because land degradation is severe in Ethiopia, agricultural researchers have recently paid considerably attention to resource-conserving agriculture, including compost (FAO, 2008) . Besides the benefits to environment, the use of compost directly benefit poor households for the two reasons. First, Pender and Gebremedhin (2006) find that manure/compost increases crop production by 13%. Second, compost is less costly and more widely available than chemical fertilizer, since bullocks are commonly kept for farming and supplying meat and milk in Ethiopia (Pretty et al., 2006) . Therefore, EIAR, its research centers, and agricultural extension agents have recently promoted compost as a key technology.
Compost is fermented animal dung, and making nutritious compost requires several steps, according to local agricultural extension agents. First, farmers have to keep animal dung with other materials such as ash, animal feed leftovers, and crop residue in a hole on the ground. Then, farmers should transfer the materials to another whole after 3 weeks so that the materials are mixed with sufficient oxygen. After another 3 weeks, they have to transfer the materials to another hole again. It is instructed not to use meat, bones, fish scraps, oil, fatty materials, or dairy products as materials for compost, or to use only animal dung without mixing it with other appropriate materials.
The other technique we examine in this study is row planting, a simple technique with which farmers plant crops in rows. In the case of wheat which is the most common agricultural product in the area, extension agents instruct to farmers that the width between rows should be about 20 centimeters.
There are several advantages of row planting over broadcasting: Crops planted in appropriately spaced rows can absorb more sunlight and fresh air; Farmers can weed and harvest more efficiently. As a result, row planting increases crop yields substantially, while implementing it requires any specific equipment or material but some additional labor. Surprisingly, row planting had not been utilized in the survey area until very recently. Extension agents started to promote it in 2011, and hence it has rapidly become widespread, as we will show in the next section.
Data
Description of the household survey
Our household survey was conducted in Arsi Zone, Ethiopia. Zones are split into smaller administrative units, or districts called "woredas" in the local language, and districts are further subdivided into villages, or "kebeles." We chose Tiyo District for the survey because of our professional contacts with its agricultural research center. This district produces many types of crops, most notably wheat, barley, fababean, maize and potato. This district is composed of 18 villages, stretching over three agro-ecologies: high-(altitude over 2700 m), mid-(around 2300 m), and low-altitude villages (below 1800 m). As the altitude, which determines the agro-ecology, was considered a potentially important factor in adoption or non-adoption of technologies, one village from each altitude category was chosen for the survey. Each selected village had around 600 households, and 100 households were randomly selected from each, using the name list of household heads for the village. Among the total of 300 households, eight were not available for the interview. As five were randomly selected and added, the total number of households surveyed in the first round of our survey is 297.
A face-to-face questionnaire interview was carried out with a self-identified household head in each selected household in three consecutive years, December, 2009 to January, 2010 , January to February, 2011 , and February, 2012 . The survey components included demographic characteristics of the household members, personal networks of the household head, and the knowledge and usage of the agricultural technologies indicated in the previous section.
Geographic information system (GIS) coordinates were recorded for the positions of all surveyed households and major facilities. These data identify the households' distance from important locations and altitude. The interviewers' movement paths during the survey were also recorded, and these paths were used to calculate the actual distances traveled between households and agricultural extension centers. Figure 1 shows the geographic locations of all the households surveyed as well as extension centers. The black lines drawn between households show the paths traveled by the interviewers. This map confirms that distances along the paths are far more accurate than the minimum straight-line distance between two locations.
Although we conducted the household-level survey three times, the first survey did not focus on compost or row planting but on other agricultural technologies, such as conservation tillage, this paper primarily rely on responses to the second and third surveys. Some households refused to respond to some questions about social networks and agricultural technologies in the third survey, probably because we repeatedly asked the same detailed questions. As a result, our sample is based on 208 households for which necessary information is available for the two years. Although the number of households in the first survey was 297 and thus the attrition rate is not low, we find no systematic difference in characteristics in the first year between households in and out of the sample.
Social experiment
One econometric issue for researchers who try to estimate the effect of social networks on knowledge diffusion is that social networks are endogenously generated, as we will discuss in detail later. To alleviate this endogeneity problem in estimation, this study conducted a social experiment, in which mobile phones were donated to randomly selected households in order to make exogenous changes in social networks in the region. In Ethiopia, the mobile phone penetration rate is only four subscriptions per one hundred inhabitants, the third lowest in Africa (International Communications Union, 2009), and the penetration rate is even lower in rural areas. In our first survey in 2010, we found that 224 households out of 297 (75 percent) did not have any mobile phone. Therefore, donation of mobile phones in a large scale may have a sizable effect on social networks in the region.
The donation of mobile phones was implemented in the following manner. In May 2011, we called all the surveyed self-identified household heads for a meeting in each village, in which 272 participated among the 297 household heads. In the meeting, each household head was asked to draw a piece of paper from a box, and depending on the result, s/he was given a mobile phone with short message services (SMS), a mobile phone without SMS, or nothing, with an equal chance of one third. In practice, 98 received no mobile phone, 87 won one without SMS, and 87 won one with SMS.
In our sample of 208 households, the corresponding numbers are 75, 72, and 61. To the household heads who won mobile phones, we instructed how to use mobile phones, and to those who won mobile phones with SMS, we also instructed how to use SMS. In addition, we gave out lists with names and phone numbers of everyone who was given a phone in the area as well as the phone numbers of 27 local agricultural experts and five Ethiopian research assistants who had already owned phones.
After the donation of mobile phones, we organized a meeting in each village in each month from June to December, 2011 and charge the phones with a credit worth of approximately 30 minutes of domestic calls to ensure that the farmers can actually use the phones.
Household characteristics
In the areas examined in this paper, there are three ethnic groups, Amhara, Oromo, and Gurage.
In our sample, 40% are Amhara, 54% are Oromo, and only 6% are Gurage. The population can be divided into two religious groups, Christians (87%) and Muslims (13%). Christians are mostly Orthodox Christians, while there are a few Protestants.
Household characteristics are summarized in Table 1 . On average, the number of household members is 6.3, and the household head is 45.5 years old. Average years of schooling of the household head and the most educated adult in the household is 4.7 and 8.7, respectively. The average area of cultivated and owned farmland by households is 1.82 and 2.75 hectares, respectively. The average distance from the nearest agricultural extension center is 6.6 kilometers (4.1 miles).
We constructed a dummy variable for myopia from the following question asked in 2011:
"Suppose that the government will give you either 1000 birr 1 month from now or 2000 birr 1 year from now. Which would you like to choose?" The dummy variable for myopia is one, if the household head chose 1000 birr 1 month from now, and zero if s/he chose 2000 birr 1 year from now. As Table 1 shows, 78 percent of the households are myopic.
Diffusion and adoption of agricultural technologies
To examine the diffusion and adoption of agricultural technologies, households were asked: (1) whether or not they know how to implement each of the two technologies (compost and row planting); and (2) whether or not they used the technology in the last crop season, conditional on knowing it. Figure 2 , we also observe that the number of households who know or use the technology increased substantially, over the two years while the change is less drastic than in the case of row planting.
Social networks
We collected data on social networks of households in various ways. First, households were asked whether they know any extension agent of the village. The definition of "knowing" is that the respondent (the self-identified household head) could directly contact the person when needed, and conversely, the person could directly contact the respondent when needed. The definition of knowing was clearly stated to the respondent before the question. If the respondent knows an extension agent, we further asked the walking distance to the agent's home, the frequency of meeting with the agent, and the agent's ethnicity and religion. If the respondent knows more than one agent, s/he was asked to choose the most familiar agent. In addition, we asked whether the household can borrow 500 birr, which is equivalent to about 30 US dollars and 17 percent of the median annual estimated income in our sample, from the agent and whether the household can discuss important personal matters with the agent.
1 These two questions indicate whether the network between the household and the extension agent is associated with trust. Figure 3 shows that 186 households out of 208 (89 percent) know an extension agent, whereas 57 (27 percent) can borrow 500 birr from the agent and 111 (53 percent)
meet an agent at least once every two weeks.
Second, to quantify the size of the personal social network of each household with relatives and friends, we employ the "first-name-cue method" developed by McCarty et al. (1997) , as explained below. We randomly selected 78 first names, 39 for men and 39 for women, from the list of names from the three villages and ordered in the questionnaire. The respondent was asked whether he/she knows someone with the first name on the top of the list of the 78 names. We use the same definition of knowing as before and informed the respondent of the definition before the question. If the respondent knows a person with the first name, we asked about the nature of their relationship with the person, walking minutes to the person's house, frequency of meeting with the person, and his/her ethnicity and religion. We also asked whether they can borrow 500 birr from the person and whether they can discuss important personal matters with the person. We repeated this process from the top of the name list to the bottom, until the total number of first names the respondent knows reaches 14.
These 14 names represent a subset of the respondent's personal social networks. We asked these questions in each of the three surveys, using the same name list.
From this information, we constructed an index of the size of personal social networks of each household defined as the number of first names with whom the respondent knows specific persons among the first 14 names on the list. 
Empirical Methodologies
Estimation equations
When we estimate how social networks affect diffusion and adoption of new agricultural knowledge, we are concerned about possible differences between diffusion and adoption of a particular technology. Therefore, we estimate the following two linear probability models, one for knowing how to implement a technology and the other for using a technology conditional on knowing it:
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, 2012 ,2012 ,2011 ,2012 ,2011 ,2012 for 0 and 1, An obvious disadvantage of this method is that the results are generated from a non-random sample. Households who did not know row planting or compost in the survey in 2011 tend to be less educated, cultivate smaller farmland, and have smaller social networks than those who knew it already. Therefore, our results may not be applicable to the whole population.
Hypotheses on effects of social networks
Social networks may affect diffusion and adoption of new knowledge, but the effect can vary depending on the structure of networks. First, in addition to the effect of the size of personal networks, we are interested in the effect of clustered networks in which people are densely connected with each other. Centola (2010) finds that clustering is more important for adoption of new behaviors, since it requires reinforcement from multiple neighbors in the network. Similarly, farmers who receive the same information about a new agricultural technology from many others are more likely to understand the technology well and adopt it than those who receive it from only one person.
Therefore, we examine whether effects of the size of personal social networks of each household on knowledge diffusion and adoption vary depending on the level of network clustering. As we explained in Section 3.5, the size of personal networks of each household is measured by the number of first names the household head knows among the first 14 names on the list. The level of clustering of personal networks is measured by the number of pairs of the household's acquaintances who know each other among the 14 randomly selected pairs of acquaintances. Then, we first estimate the effect of the number of known names on knowing and using each of row planting and compost to find whether the size of personal networks of each household matters. Further, we estimate the effect of the interaction term between the index of the personal network size and the index of personal network clustering to find how the total effect of the number of ties changes depending on the density. That is, the right-hand side of the estimation equations includes β 1 (index of personal network size) + β 2 (index of personal network size * index of personal network clustering), and thus the total effect of the number of ties is β 1 + β 2 * index of personal network clustering. A positive β 2 implies that clustering enhances the effect of social networks, supporting the finding of Centola (2010).
Second, we will examine the effect of external ties or bridging ties with other societies. As found in Tiwana (2008) and Rost (2011) , external ties could promote knowledge diffusion and innovation.
Our study is particularly interested in ties with agricultural extension agents, since farmers can access to new agricultural technologies most quickly through these ties. Thus, we estimate the effect of a dummy variable for knowing any extension agent in equations (1) and (2).
Furthermore, we investigate whether the strength of network ties influence the effect of networks.
Networks with people whom the household trusts may have a different effect from networks without any trust. Therefore, we measure the size of personal networks based on trust by the number of names whom the household knows and can borrow 500 birr from among the first 14 names. Also, we use a dummy variable for knowing any extension agent and being able to 500 birr from him/her to measure whether external ties with extension agents are based on trust. The strength of networks may also be related to the frequency of meetings. When farmers meet others more often, they may receive more information from face-to-face communications. Thus, we measure the size of personal networks based on frequent meetings by the number of names the household knows and meets at least once two weeks, and the external ties based on frequent meetings by whether the household knows and meets an extension agent at least once two weeks.
Endogeneity of social network variables
Estimation of the effect of social networks on knowledge diffusion can be biased due to endogeneity of social network variables. Correlation between knowledge diffusion and social networks may be found, when social networks do not lead to knowledge diffusion but if members of social networks share similar unobservable characteristics which are potential determinants of knowledge diffusion. To alleviate possible biases due to endogeneity, some existing studies use social experiments in which social networks are exogenously created (Centola, 2010) or information is given to exogenously determined individuals (Duflo et al., 2004) . We also conducted a social experiment in which we donated mobile phones with and without Short Message Services (SMS) to randomly selected households to generate exogenous changes in social networks.
More specifically, when we estimate the effect of social networks on knowledge diffusion, we use as instruments a dummy variable for the household who received any type of mobile phone (hereafter, the mobile phone dummy) and another dummy for the receipt of a mobile phone with SMS (the SMS dummy). To check the validity of the instruments, we first estimate the effect of the receipt of mobile phones on a variety of network variables by ordinary least squares (OLS) estimations. We control for other exogenous variables, such as the lagged dependent variable, the distance from the nearest farmers training center, the myopia dummy, and dummy variables for villages, ethnicity, and religion. Table 2 indicates only the coefficients on the mobile and SMS dummies for simple presentation. The results show that having a mobile phone with SMS has a positive and significant effect on the index of personal network size, i.e., the number of names the household knows among the first 14 names (column [1]), whereas having a mobile phone has a positive and significant effect on knowing an extension agent with trust (column [5] ). Further, we estimate the direct effect of the donation of mobile phones on diffusion and adoption of agricultural knowledge. Columns (8)- (11) of Table 2 show that having either a mobile phone with or without SMS has no significant impact on knowing or using any of the two technologies examined in this study. To summarize, the donation of mobile phones lead to expansion of some types of social network, although it did not affect diffusion and adoption of knowledge directly. Therefore, the mobile phone dummy and the SMS dummy are valid instruments for social network variables.
In addition, we use as instruments lagged endogenous regressors, as often used in existing studies such as Blundell and Bond (1998) , and the lagged number of household members which can affect the size of personal networks of the household. Lagged regressors can be valid instruments as they are correlated with the current independent variables but uncorrelated with the current error term. Then, we perform the generalized method of moments (GMM) estimation on the linear probability models of equations (1) and (2). To check whether instruments are exogenous, we implement the overidentification test developed by Hansen (1982) .
Another possible econometric model is an instrumental-variable probit model where equation (1) or (2) is jointly estimated with linear equations of each of the social network variables on instruments.
Using the two-step approach developed by Newey (1987) , the results from the instrumental-variable probit model are similar to those from the linear probability model using GMM. Because the magnitude of the coefficients is easy to interpret in linear probability models than in probit models, we will focus on results from the GMM estimations.
Results
Estimation results
Tables 3 and 4 respectively present the results from the estimation of knowing how to implement (equation [1] ) and using (equation [2] ) row planting, whereas Tables 5 and 6 are for knowing and using compost. In all GMM estimations, the p value of the Hansen J statistic shown in the bottom row indicates that the instruments are orthogonal to the error term. Also, when we regress each endogenous variable on the instruments and exogenous variables using OLS, we reject in all cases the null hypothesis that all the coefficients on the instruments are zeros. Therefore, the instruments are valid for the GMM estimations. In the followings, we will summarize the results and will later discuss implications of the results.
Column 1 of Table 3 shows that the size of personal social networks does not have any significant effect on diffusion of row planting. Column 2 shows that the effect of the interaction term between the indices of the size and the clustering of personal networks is also insignificant, indicating that social networks do not affect diffusion even when networks are clustered. Looking at columns (3)- (6), we find no effect of social networks with relatives and friends, even when we focus on networks based on trust or frequent meetings.
By contrast, columns 1-4 of Table 3 indicate that the effect of knowing an extension agent as well as the effect of knowing and trusting an agent is positive and statistically significant at the 10-percent level. The magnitude of the coefficient implies that when knowing an extension agent, the probability of knowing row planting increases substantially by more than 100 percent. 4 The effect of knowing and trusting an agent is smaller than the effect of knowing, and the effect of meeting an agent is insignificant (columns 5 and 6). Years of schooling of the household head have a positive and significant effect in columns 5 and 6, although the effect is not robust. The cultivated farmland area has no significant effect. Table 4 shows that once households know how to implement row planting, they are more likely to use it when their farmland is larger. The effect of the education level and myopia is positive but not always significant. The network variables have no significant effect at all.
The results for knowing compost, shown in Table 5 , are quite different from those for knowing row planting, in the following two respects related to social networks. First, while the size of personal networks alone has no significant effect, as in the case of row planting, the interaction term between the size and the clustering level of personal networks has a positive and significant effect. To quantify the effect, let us assume, based on the summary statistics in Figures 4 and 5 , that a hypothetical household has the average size of personal networks based on knowing, 8.79, and the average clustering level, 11.07. Suppose that this household increases the level of network clustering by one standard deviation, 2.63. Then, from the result in column 2 of Table 5 , we conclude that the probability of knowing compost increases by 21.9 percentage points (=0.00947*8.79*2.63). Thus, the effect of network clustering is large in size. Columns 4 and 6 show that when we focus on networks based on trust and frequent meetings, the effect of the interaction term is positive and significant. The magnitude of the effect using the averages of the sample is similar to that from column (1). Second, knowing an extension agent has an insignificant effect, unlike in the case of row planting, while knowing an extension agent with trust has a positive, statistically significant, and economically large effect.
The education level of the household head seems to promote knowing compost, although this effect is not very robust and significant only in columns 4-6, as is the case in row planting.
Finally, the results for using compost conditional on knowing it, shown in Table 6 , indicate that the significant effect comes only from the distance from the nearest farmer training center while the effect is not robust to various specifications.
Discussion
The findings above clearly show that the effect of social networks on diffusion and adoption of new technologies varies substantially depending on characteristics of networks and technologies. In the case of row planting, simply knowing an extension agent who is connected with the ultimate source of new agricultural technologies in Ethiopia, EIAR, have a substantial impact on knowing the technology. This finding is consistent with the finding of Watts and Strogatz (1998) that networks with ties across network clusters result in quicker spread of infectious diseases. The similarity probably comes from the fact that row planting is a simple technology and can be easily understood by farmers, just as infectious diseases can be easily transmitted.
By stark contrast, making and using compost is more complicated and requires several procedures, as explained in Section 2.2. When compost is made and used inappropriately, it may lead to little or even negative benefits. Probably due to this technical complication, simply knowing an extension agent or many relatives and friends does not help farmers to know how to implement compost. On the other hand, clustering of social networks promotes knowing compost, because people in clustered networks have more opportunities to receive the same information from multiple sources in the cluster and thus are more likely to understand the complicated process of making compost. According to our survey in 2012, among the 208 households in the sample, 205, almost all, have heard about compost, but only 173 knew how to implement it. In other words, 32 (= 205 -173) households did not know how to implement compost, although they have heard about compost. This evidence clearly shows a difference between hearing a technology and knowing (or understanding) it. Hearing the same information from multiple sources in the network repeatedly may help farmers to understand the technology. This is similar to the finding of Centola (2010), since both emphasize the importance of information flows from multiple sources for diffusion and adoption of new knowledge. One notable difference between our results and Centola's is that we find reinforcement from multiple sources is necessary at the stage of knowing, rather than adopting
To examine whether clustered networks indeed promote flows of the same information from multiple sources, we perform the following test. Our survey asked each household the number of persons from whom the household received the same information as from the most influential information source. Thus, we employ GMM to estimate the effect of the interaction term between the size and the clustering level of personal networks on the number of information sources, using the dummies for mobile phones and SMS, lagged regressors, and the lagged number of household members as instruments. We find an insignificant effect of the interaction term for row planting (column 1 of Table 7 ), while its effect is positive and significant for compost (column 2). These findings confirm our presumption that clustered networks promote flows of the same knowledge from multiple sources particularly when the knowledge is complicated.
Networks with extension agents are also helpful in knowing compost when the relation is associated with trust, although meeting an extension agent frequently is not. These contrasting results imply that since information from a trustworthy extension agent is reliable, it is more likely to be absorbed and realized by farmers. By meeting an extension agent frequently, farmers may have more chance to receive the information about compost through face-to-face communications, but unless the agent is trustworthy, the information from the agent cannot be recognized by the farmers.
Using row planting or compost is not affected by many factors, conditional on knowing the technology. Farmers are more likely to use row planting, when their cultivated farmland is larger.
Since row planting does not require any specific equipment or initial investment, the positive effect of farmland areas, which is related to the income level, is somewhat surprising. Also, farmers are more likely to use compost, when the distance from the nearest farmer training center is longer. Since the distance from the nearest training center is closely related to the distance from markets, this evidence suggests that farmers are more willing to use compost when they live far from markets where chemical fertilizer is available. In any case, our results indicate that social networks are more important in knowing technologies, whereas other household characteristics play a more important role in using them.
Summary and conclusion
This paper investigates effects of social network structure on diffusion and adoption of agricultural technologies, using household-level panel data from Ethiopia. We contribute to the literature by focusing on the role of external ties and clustered personal networks. Another contribution is to correct for possible biases due to endogeneity of social networks, utilizing a social experiment in which we donate mobile phones to randomly selected households. Our findings suggest that the effect of social networks varies depending on the structure of networks and characteristics of technologies. Knowing a simple technology is mostly determined by whether farmers know any agricultural extension agent, implying the importance of external ties with agricultural researchers.
However, knowing a more complicated technology is not promoted by knowing an extension agent, but by knowing a trustworthy agent and by clustered networks with relatives and friends. This finding suggests that knowing and understanding more complicated technologies require flows of the same information from multiple sources. The results are based on OLS estimation. Standard errors are in parentheses. ***, **, and * signify statistical significance at the 1%, 5%, and 10% levels, respectively. The lagged dependent variable, the distance from the nearest farmers training center, the myopia dummy, dummies for ethnicity, religion, and villages are included but not reported for brevity. The index of the personal netowrk size is the number of names the household knows among the first 14 first names on the list; and the index of the personal network clustering is the number of pairs who know each other among randomly selected 14 pairs of acquaintances of the household. The results are based on GMM estimations using a linear probability model. Standard errors are in parentheses. ***, **, and * signify statistical significance at the 1%, 5%, and 10% levels, respectively. Dummies for ethnicity, religion, and villages are included but not reported for brevity. The personal netowrk size indicates the number of names the household knows among the first 14 first names on the list, whereas the personal network clustering represents the number of pairs who know each other among randomly selected 14 pairs of acquaintances of the household. The results are based on GMM estimations using a linear probability model. Standard errors are in parentheses. ***, **, and * signify statistical significance at the 1%, 5%, and 10% levels, respectively. Dummies for ethnicity, religion, and villages are included but not reported for brevity. The personal netowrk size indicates the number of names the household knows among the first 14 first names on the list, whereas the personal network clustering represents the number of pairs who know each other among randomly selected 14 pairs of acquaintances of the household. The results are based on GMM estimations using a linear probability model. Standard errors are in parentheses. ***, **, and * signify statistical significance at the 1%, 5%, and 10% levels, respectively. Dummies for ethnicity, religion, and villages are included but not reported for brevity. The personal netowrk size indicates the number of names the household knows among the first 14 first names on the list, whereas the personal network clustering represents the number of pairs who know each other among randomly selected 14 pairs of acquaintances of the household. The results are based on GMM estimations using a linear probability model. Standard errors are in parentheses. ***, **, and * signify statistical significance at the 1%, 5%, and 10% levels, respectively. Dummies for ethnicity, religion, and villages are included but not reported for brevity. The personal netowrk size indicates the number of names the household knows among the first 14 first names on the list, whereas the personal network clustering represents the number of pairs who know each other among randomly selected 14 pairs of acquaintances of the household. The results are based on GMM estimations using a linear probability model. Standard errors are in parentheses. ***, **, and * signify statistical significance at the 1%, 5%, and 10% levels, respectively. Dummies for ethnicity, religion, and villages are included but not reported for brevity. The personal netowrk size indicates the number of names the household knows among the first 14 first names on the list, whereas the personal network clustering represents the number of pairs who know each other among randomly selected 14 pairs of acquaintances of the household.
